The greywackes, are the common soil formation of Istanbul locally known as the Trakya Formation. It is mostly weathered and extensively fractured. The stress relief induced by deep excavations causes excessive displacements in horizontal direction. As a result, predicting excavation-induced wall displacements is critical for avoiding collapse. The aim of this study is to develop an Artificial Neural Network (ANN) model to predict anchored-pile-wall displacements at different stages of excavation performed on Istanbul's greywacke formations. A database was created on excavation and monitoring data from 11 individual projects. Five variables were used as input parameters, namely, excavation depth, maximum ground settlement measured behind the wall, system stiffness, standard penetration test N value of the soil depth, and index-of-observation. The proposed model was trained, validated, and tested. Finally, two distinct projects were numerically modeled by applying the finite element method (FEM) and then used to test the performance of the ANN model. The displacements predicted by the ANN model were compared with both the computed values obtained from the FEM analysis and in situ measured displacements. The proposed ANN model accurately predicted the displacement of anchored pile walls constructed in greywackes at different stages of excavation.
INTRODUCTION
Because of the increase in urban populations, deep excavations are often required in metropolitan areas. Such excavation projects rely on rigorous analyses based on geotechnical investigations and laboratory experiments. Changes in excavation-induced stress trigger horizontal and vertical ground movements in and around the excavation area. Therefore, accurate prediction of displacements becomes crucial to ensure the safety and serviceability of surrounding properties.
In some of the earliest works, Peck [1] investigated ground-surface settlements around excavations and subdivided the ground settlements according to the soil type and workmanship. Later, Mana and Clough [2] provided a simplified method to predict movements for braced cuts in clay and provided a relation between wall movements and the safety factor against basal heave. Finno et al. [3] investigated the performance of deep excavations in clay, and Clough and O'Rourke [4] carried out an in situ investigation of wall movements using a database containing information on conventional and new earth-retaining systems. Whittle et al. [5] applied a finite element analysis on braced excavations to predict excavation-induced soil deformations and applied the MIT-E3 effective stress soil model to describe the behavior of clay. They found that post-construction deformations led to differences between predicted and measured wall movements. Hashash and Whittle [6] performed an extensive set of numerical experiments to investigate deformations of a braced diaphragm wall in a deep clay deposit. One result of their study is that the effects of excavation depth and support conditions on ground movements are now given in design charts. Hsieh and Ou [7] proposed a method that provides good predictions of ground-surface settlements. Long [8] used a database containing several case histories to examine ground movements due to deep excavations and deduced remarkable conclusions for retaining walls in stiff and soft soils with different levels of safety factors against basal heave. Hwang et al. [9] studied the performance of wall systems by focusing on toe movements and reducing wall displacements using buttresses. Wang et al. [10] studied the relationship between ground settlements and wall displacements. Bolton et al. [11] studied ground movements and provided a set of design charts giving soil deformability, wall stiffness, and excavation geometry as a function of the soft soil depth.
The accuracy of current ground movement predictions depends on the accuracy of the soil behavior models and the parameters used [12] . In some cases, soil parameters are poorly defined, the behavior models do not reflect the in situ soil conditions, and/or the problem is too complex to be described in mathematical form. Researchers overcome such problems by using experimental data in computational processing methods. Modern techniques such as fuzzy systems and neural networks have been used to develop data-based models, which are capable of learning and recognizing trends in data patterns [13] . For example, Ghaboussi et al. [14] developed an auto-progressive algorithm to extract material behavior by exploiting force and displacement measurements, and Jan et al. [12] developed a neural network model to predict displacements of diaphragm walls. The model developed by Jan et al. [12] was based on training using wall-displacement data from 18 case histories and considered excavation stages and accurate predictions of wall displacements obtained from simulations at different stages of the excavation. Hashash et al. [15] developed a neural-network-based model to estimate ground deformations in a staged construction of a deep excavation. In another work, Hashash [16] used a self-learning simulation system to extract soil information from lateral wall deformations and surface-settlement measurements of deep excavations. Song et al. [17] used an inverse analysis approach that combined synthetically generated measurements including lateral wall displacements with surface settlement to extract soil behavior. Yıldız et al. [18] developed a neural-network approach to estimate the total lateral thrust on strip-loaded retaining walls. Johari et al. [19] established a genetic-based model to estimate lateral wall displacements of retaining walls using a database including 240 cases.
In recent years, many high-rise buildings, underground parking lots, and subway stations have been constructed in Istanbul mainly in the local soil formation-known as Istanbul greywackes. Greywackes are characterized by a high degree of weathering, with intercalated sandstone, siltstone, and claystone layers. Excavations in greywackes induce excessive wall movements, causing major problems. Although researchers have already applied artificial neural network (ANN)-based models to predict movements in soft soils, here we present an ANN-based model to predict displacements of anchored pile walls constructed on Istanbul's greywackes. In this study, a database containing information and monitoring data from 11 independent excavation projects in Istanbul was established and an ANN model was developed to predict lateral wall displacements. Four parameters that influence the performance of anchored pile wall as well as the index-of-observation were used as input variables. The created database was then used to train, validate, and test the model. The accuracy of the proposed prediction model was evaluated on the basis of mean square error (MSE) and correlation coefficient (R) values. Finally, two excavation projects not included in the database were used as testing cases. The wall displacements for these testing cases were predicted by applying the developed ANN model, and then, the excavation cases were also numerically modeled by the finite element method (FEM). The lateral displacements predicted by the ANN model were compared with the computed values obtained from the FEM analysis and in situ measurements to examine its performance.
CHARACTERIZATION OF THE GREYWACKES
A detailed geotechnical survey was carried out by the Istanbul Metropolitan Municipality to identify geological formations in Istanbul [20] , in 2007. As a result of this comprehensive work, 24 different local soil and rock formations were identified. The Trakya formation encountered in the study area is known to have been affected by intense tectonic events and has a variety of strike-slip faults, folds, fractures, and joints every few meters. This formation is characterized by a sedimentary greywacke containing intercalated yellowish-brown-todark-gray sandstone, siltstone, and claystone. The Trakya formation can be seen as highly fractured and weathered and exhibits closely to moderately spaced discontinuities. The strength properties of the rock material are in the range of weak to strong. Sandstone is the most common rock type in this formation, and limestone and conglomerate interbeds or lenses are occasionally found between the layers. The thickness of the formation varies between 600 and 1700 m [21] . The overlying deposits, which are variously distinguished as the Gurpınar, Cukurcesme, and Gungoren Formations, have collectively been named as a single unit recently, namely the Avcılar Formation [22] . This formation starts with a basal conglomerate layer and continues upwards with intercalated layers of sand/sandstone and clay/claystone. The properties of the soil formations encountered in the selected project sites are given in Table 1 .
CASE HISTORIES
In this study, a database was created on the basis of projects supervised by the Istanbul Metropolitan Municipality. In this context, excavation and monitoring data from seven concourse structures of metro stations, three underground parking lots, and a gymnasium building were collected. Anchored pile walls were used as retaining systems in the investigated excavations. The excavation depth of the cases varied between 11.5 to 35 m. The excavations were supported by 65 cm and 80 cm diameter pile walls having 13 m to 36.5 m length. Ground anchors served as the supporting system. The bond lengths of the anchors varied between 6 to 10 m, and the total lengths were in the range of 10 to 28 m. The vertical and horizontal spacings of the anchors varied between 1 to 2.5 m and 1.3 to 5 m, respectively. The average inclination of the anchors is 15°. The number of anchor rows used in the projects varied between 2 and 17. Three to four 0.5′′ and 0.6′′ diameter tendons were used. Inclinometers were used to measure the lateral displacement through a borehole casing in the walls. The number of inclinometers used in the projects depended on the geometric configuration of the sections. The excavation-induced settlements were measured by settlement markers installed on the ground behind the wall. The local formations encountered at the project sites were artificial fill layers overlying the Avcılar and Trakya formations. Figure 1 shows the typical geometry of an anchored pile wall and the displacement features, along with the notation used. 
ARTIFICIAL NEURAL NETWORKS
ANNs consist of logical software developed to perform basic functions by imitating the working mechanism of the human brain [23] . They can derive new information by learning, remembering, and generalizing. ANNs use their ability to generate new information to produce adaptive solutions to problems that cannot be solved by using a certain algorithm or formulation. The learning ability of ANNs is dependent on different learning algorithms that improve the information at each iteration, thereby achieving more accurate results. [24] ANNs consist of interconnected process elements called neurons, and each interconnection has a weight. There are different types of ANN architectures. A widely used one is the feedforward network, in which information flows in one direction along the connections, from the input layer via the hidden layer to the output layer. The processing data are fed forward to avoid generating feedback connections [25] .
Once a network is structured for an application, it must be trained. In this process, initial weights are chosen at random before the training process begins. Two types of training rules exist, namely, supervised and unsupervised. For supervised training, both inputs and outputs are provided to the network, whereas only inputs are provided for unsupervised training [24] . A feed-forward network is commonly trained using a backpropagation learning algorithm, which is used for applications, and training a neural network with such an algorithm consists of two stages: The first one is the data feed-forward stage in which the output of a neuron is calculated. The output is defined as
where ij W is the weight associated with the input element i in the previous layer to element j in the current layer, o i is the output of element i in the previous layer, i  is the threshold of element j in the current layer, and f is the activation function that processes inputs to determine outputs. The activation function f is usually a nonlinear function. Herein, the sigmoid function is used as activation function because it is continuous and differentiable. Its nonlinearity makes it the most frequently used function in ANN applications. The function f generates a value between 0 and 1 for each input. It is given by
In the second stage, after the feed-forward network processes the inputs, the backpropagation algorithm compares the resulting outputs with the desired outputs. The errors are then propagated back through the system, and weights are adjusted. The error function for the system is given by
where ik d is the desired output of node k for instance i and ik y is the calculated output of node k for instance i. The backpropagation algorithm serves to minimize the fitness function, and since this function depends on the network weight, the algorithm consists of processes to optimize the weights. The backpropagation algorithm, which uses the gradient-descent approach to optimize the weights, is defined as
where the learning rate γ is a constant between 0 and 1 [26] .
ESTABLISHING THE ANN MODEL
Stress changes induced by a deep excavation inevitably trigger displacements. Herein, an ANN model is developed to predict the displacements in anchored pile walls constructed on Istanbul greywackes by learning from the monitoring data. The displacement data cover 39 sections of 11 anchor-supported pile walls, each section being treated individually. As proposed by Jan et al. [12] , each anchored pile wall is discretized into 18 uniform intervals with 19 nodal points. An index-of-observation, R, is defined as the ratio of the depth of the observed segment to the wall length. Altogether, 741 (39 × 19) instances were generated to train, validate, and test the network. The primary reason for applying the ANN model was to predict displacements of anchored pile walls constructed on Istanbul greywackes prior to construction as well as during the early and later stages of the activity. A properly established ANN model will accurately predict the wall displacements at each excavation stage. A flowchart of the ANN model is given in Figure 2 .
The multilayer perceptron ANN model consists of three layers: an input layer, a hidden layer, and an output layer. The input layer contains five input parameters, namely, the depth of excavation (H exc ); measured maximum ground settlement behind the wall (δ v max ); wall stiffness (EI); the SPT-N value of the observed soil depth; and the index of observation (R). The number of hidden layers can be changed according to the network, but the time required for the calculation and the complexity of the network both increase with the number of hidden layers. Accordingly one hidden layer was used in this model. A series of trial-and-error processes with different numbers of neurons (between 5 and 40) was tested to find the optimum number of neurons in the hidden layer. The best performance was obtained with 15 neurons. The output layer consists of one neuron; δ h max , the maximum lateral displacement of the observation point. The available data were divided into three subsets, that is, training, validation, and testing sets. In this study, 80% of the 741 samples (593 randomly selected data) was used for training, 10% (74 randomly selected data) for validation, and 10% (74 randomly selected data) for testing of the developed network to predict the lateral displacements. The most commonly preferred algorithm [27] , the feed-forward backpropagation algorithm, was used during the training process. The Levenberg-Marquardt algorithm, which is fast and has stable convergence and provides numerical solutions to nonlinear functions, was used in the training stage. In the hidden layer, the best performance of the model was obtained with the sigmoid function, which is a continuous and nonlinear function. The optimal ANN model was determined on the basis of the MSE and R values. Figure 3 shows the architecture of the developed feed-forward network.
COMPUTATIONAL RESULTS FOR THE ANN
A database containing 11 case histories of deep excavations was used to train, validate, and test the developed ANN model. The accuracy of the predicted wall displacements was determined by comparing them with the results of in situ measurements. Figure 4 shows the regression curves obtained for the network at the training, validation, and testing stages as well as during the entire process. The in situ measurements are shown on the x-axis, labeled as "Target," whereas the predicted displacements are given on the y-axis, labeled as "Output." The linear output demonstrates the success of the prediction model. The correlation coefficients between the maximum measured wall displacements and the predicted wall displacements for the training, validation, and testing stages were 0.9099, 0.9347, and 0.8865, respectively, whereas the cumulative correlation coefficient for all the stages was 0.9101. The high correlation coefficients between the measured and predicted settlements obtained for all the data sets demonstrate that the adopted model performs well. The MSE values determined for the training, validation, and testing stages were 15.15, 9.65, and 17.44, respectively, showing a close relationship between the measured and ANN-predicted displacement values. The best validation performance obtained at epoch 20 ( Figure 5 ).
Ranges of test parameters with basic statistics used for ANN modelling can be seen in Table  2 . 
TESTING CASES
Excavation sites not included in the database were used to validate the performance of the developed ANN model. In this context, the excavations of the two metro stations were selected as testing cases. The lateral displacements for these two stations were first predicted by the developed ANN model and then calculated by numerical modeling using the FEM method. In order to observe the ground profile and to determine the excavation support system, at the project sites of case I and case II, 3 boreholes for each with the depth of 35 m and 30 m were performed, respectively. A set of laboratory and in situ tests were performed to determine the geotechnical parameters. Both testing cases were constructed on Istanbul greywackes, and anchored pile walls were used as retaining systems in these projects. The plan for case I was rectangular (length: 61.65 m, width: 35.65 m, Figure 6 .a). The excavation was completed in eight stages, and the final excavation depth varied between 19.5 and 30.5 m. Cut-and-cover construction method was applied, and according to the geometric configuration of the excavation, four different pile sections with different excavation depths and wall lengths were identified. The diameter of the pile wall was the same for each section, and the installation angle of the anchors ranged from 15° to 30°. The soil profile at the site consisted of an artificial fill layer between 0 and 1.50 m, a sandy-clay layer between 1.50 to 3.50 m, a clayeysand layer between 3.50 and 6.50 m, a clayey-gravel-and-sand layer between 6.50 to 10.50 m, and an intercalated layer (containing claystone and mudstone) between 10.5 and 32 m. The groundwater table was measured at 8.15 m (Figure 7 .a). Case II excavation was 21.72 m long and 27.15 to 15.05 m wide ( Figure 6 .b), and cut-and-cover construction method was applied here as well. In this case, the excavation was carried out in seven stages, and the final depth of excavation varied between 16.5 and 21.5 m. Three sections with different geometric configurations were modeled. The diameter of the piled wall varied depending on the Table 3 summarizes the excavation data for cases I and II, and the anchor properties for both cases are given in Table 4 . Inclinometers and ground-settlement markers were used to monitor the excavation areas. Six inclinometers were used for case I and three for case II. Typically, the inclinometers were denoted as "02-INCL-01," where "02" is the number of the metro station and "01" is the number of the inclinometer. Figure 6 shows plans with the placements of the inclinometers marked for each test case.
FINITE ELEMENT MODEL
The test cases were modeled by applying the 2D plane strain finite element analysis approach employing the PLAXIS 2D v.2018 software package. The boundaries of the finite element models were extended beyond the zone of influence induced by the excavation, in accordance with procedures recommended by Hsieh and Ou [7] . 15-node triangular elements were used in the finite element mesh, and to determine the optimum size of the elements and get precise results in a minimized time, different meshing patterns were analyzed. Since the results using fine and very fine meshes were similar, a fine meshing pattern was used. The pile wall was modeled using an elastic plate element, whereas the anchor was modeled as an elastic spring element with the far end having a fixed node. The hardening soil material model, which is an advanced model for simulating the behavior of different types of soil, was utilized. The strength parameters were obtained from laboratory test results, and the engineering parameters used in numerical analysis are given in Table 5 . The vertical boundaries of the models were supported by roller fixities to prevent displacements perpendicular to the boundary, whereas the base was supported by hinges. The analyses were performed following the in situ excavation procedures, and the construction was modeled utilizing the staged construction sequence of the software. The soil-pile wall interaction was modeled by the zero-thickness interface element. Along the length of the piled wall, joints were assigned to obtain lateral displacements and displacement profile. Meshed views of the finite element models for both cases are given in Figure 8 . 
RESULTS
The lateral displacements predicted by the ANN model for the two testing cases were validated by comparison with calculated values from the FEM analysis and field measurements. Figure 9 shows the wall displacements predicted by the ANN model, together with those computed by FEM analysis and measured by the inclinometers as a function of the excavation depth during the initial, middle, and final stages of the excavation. Five inclinometers measured lateral displacements at different sections of the excavation, and for each case, it was seen that as the excavation proceeded, the measured displacements increased and the wall gradually developed a bulging profile. The depths at which the maximum measured displacements occurred were not consistent, and the maximum lateral displacements were measured at different locations along the longitudinal axis. Some of the maximum displacements appeared above the excavation stage, whereas others occurred below it. At the initial excavation stage, in the upper parts of the wall, the displacements measured by the inclinometers were higher than those predicted by the ANN model and obtained from the FEM analysis. The FEM analysis gives the highest displacement values in the middle and lower parts of the wall, whereas the ANN predictions are the lowest ones in this area. The ANN model underestimates the wall displacements in the upper parts of the wall but shows a better performance in the lower parts. The differences between the measured and ANNpredicted displacements at the upper part of the wall can be attributed to the cantilevering excavation stage effect. At the middle excavation stage, the ANN-predicted displacements were very close to those measured by the inclinometers. Also, the displacement profiles matched well for all the inclinometers. In the lower parts of the wall, the displacements calculated by FEM analysis were higher than those measured by the inclinometers, which may be due to poorly defined soil parameters that do not completely reflect in situ conditions. At the final excavation stage, the magnitudes of the displacements reached the highest values among all the inclinometers. The ANN-predicted displacements were very close to those measured by INCL-01, INCL-02, and INCL-06, whereas slight differences were observed between the predicted values and the displacements measured using the INCL-04 and INCL-05 instruments. However, a sudden increase in the displacement at 18 m wall depth (measured using INCL-05 and caused by a discontinuity in the extensively fractured greywackes) was successfully predicted by the ANN model. In general, the displacements calculated by FEM analysis were slightly higher than the ANN-predicted and measured values, which may be the result of a lack of reliance of the parameters used in numerical analysis. Overall, the ANN model provides acceptable predictions of the wall displacements. The maximum measured and predicted wall displacements and the shape of the displacement curve match well with the results obtained using all the inclinometers. Figure 10 shows the wall displacements predicted by the ANN model, together with those computed by FEM analysis and measured by the inclinometers as a function of the excavation depth during the initial, middle, and final stages of the excavation. Three inclinometers were used to measure the lateral displacements at three distinct sections of the excavation. At the initial excavation stage, the measured wall deflections were slightly larger than the predicted ones for all the inclinometers, regardless of the depth of excavation. The maximum difference between predicted and measured displacements of about 5.5 mm was observed for INCL-01. Except for the top parts of the wall, the displacements calculated by FEM analysis were usually higher than both the ANN-predicted and measured ones. The differences between FEM results and measured displacements may have been caused by the selected geotechnical parameters that do not fully reflect the field conditions. At the middle excavation stage, the ANN-predicted wall deflections were lower than the values obtained from the field measurements for the upper parts of the wall, but very close to them for the lower parts. The relatively low predicted displacements could be due to the cantilever excavation stage, which sometimes causes excessive deformations. In the middle and lower parts of the wall, the displacements calculated by FEM analysis were slightly higher than the measured and predicted ones. At the final excavation stage, the differences between the predicted and measured deflections were markedly lower than those observed at the initial and middle stages. Despite the slight differences at the upper parts of the wall, the ANN-predicted displacement profile demonstrates a striking resemblance to the measured displacement profile at the lower parts of the wall. As in the previous excavation stages, the FEM analysis gives higher displacements at the lower parts of the wall compared with the field measurements and the ANN predictions. This is not the case for the upper wall parts. Overall, the wall displacements predicted by the ANN model match well with the maximum measured wall displacements over the entire range of excavation depths. Table 7 summarizes the maximum displacements predicted by the ANN model, computed by FEM analysis and measured by the inclinometers. The maximum displacements predicted by ANN model agree well with those measured by inclinometers. The depths at which the maximum displacement occurred were successfully predicted. Also, the maximum displacements calculated by FEM analysis are very close to the field measurements. 
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CONCLUSIONS
We have developed an ANN model for predicting the displacements of anchored pile walls constructed in Istanbul's greywackes. The new system was trained, validated, and tested using the data collected from excavation projects in Istanbul, conducted by the Istanbul Metropolitan Municipality. The excavations of two distinct metro stations were numerically modeled by FEM, and the computed lateral displacements obtained from this analysis as well as the results of field measurements were used to validate the performance of the ANN prediction model.
The conclusions of our work can be summarized as follows:
1. The developed ANN model can accurately predict the magnitude as well as the location of the maximum wall displacement of anchored pile walls at different stages of excavation.
2. Some discrepancies observed between the measured and ANN-predicted displacements at the initial stages can be explained by cantilever stage effects.
3. Despite the slight differences between the ANN predictions and the results of the FEM analysis, the performance of the ANN-based model for predicting lateral displacements in Istanbul's greywackes was satisfactory, showing that this procedure can serve as a complementary method to FEM analysis. 4 . With the ANN model being trained, tested, and validated using data from previous excavations, this method can be applied to predict anchored pile wall displacements for future projects. Predictions based on initial stage can thus be applied to excavations at subsequent stages.
5.
The satisfactory performance of the developed model on Istanbul greywackes confirms the potential of ANN in the field of geotechnical engineering. The proposed model enables learning from previous regional excavations and can be applied to new projects in these areas.
